The share of high-skilled workers in U.S. cities is positively correlated with city size, and this correlation strengthened between 1980 and 2010. During the same time period, the U.S. economy experienced a significant structural transformation with regard to industrial composition, most notably in the decline of manufacturing and the rise of high-skilled service industries. To decompose and investigate these trends, this paper develops and estimates a quantitative equilibrium sorting model with heterogeneous firms and workers that allows for both industry-specific and skill-specific technology changes across cities, as well as differences in preferences for city amenities among worker types. The estimates imply that the concentration of high-skilled workers in large cities is primarily driven by increased skilled-labor demand within certain industries, while industry variation in total factor productivity in large cities plays a lesser role. JEL Classifications: R12, J24, L16
Introduction
A well-documented fact in geography and economics is that economic activity is highly concentrated spatially in regions and cities. Additionally, locations with large concentrations of employment and firms exhibit higher prices and wages. This suggests that some production or trade efficiencies result from proximity, and consumption amenities may play a role as well. Nonetheless, all types of workers and firms do not exhibit the same levels of spatial concentration. Take, for example, the New York City labor market, which accounts for 6.3 percent of total employment in the United States. Looking at industries separately, New York accounts for 8.8 percent of employment in the finance, insurance, and real estate industries but only 3.7 percent of manufacturing employment. Likewise, when looking at educational attainment among workers, we find that New York accounts for 8.0 percent of all workers with college degrees in the United States. This example suggests that heterogeneity among workers and firms leads to sorting across locations.
It is also likely that the geographic distribution of industries and the distribution of skilled workers are related. Recent trends in the location and composition of both industries and skilled labor reinforce the importance of understanding this relationship. Skilled workers have long been overrepresented in large cities. However, the correlation between the skill level of the workforce and city size grew significantly between 1980 and 2010. In addition, industry composition changed drastically, in particular regarding the decline of manufacturing, which accounted for 22 percent of employment in 1980 and only 12 percent in 2010. These losses were largely made up through employment gains in service sectors, including health care, education, business services, and professional services.
The objective of this paper is to decompose and analyze the interrelated sorting of skilled workers and industries into large cities, taking into account heterogeneous worker preferences and industry productivity in large cities, thus constructing a more complete account of supply and demand of skilled workers across cities. Previous literature has mostly addressed these various topics separately and has found significant effects for all of them.
are strongly correlated with density and, using a calibrated structural model, shows that consumption amenities can account for a significant proportion of the variance in density across space. Lee (2010) and Handbury (2014) both argue that consumption amenities vary across worker types due to increasing tastes for variety with either income or skill level. Finally, Albouy (2009) estimates the separate effects of production and consumption amenities in wage and price differences across cities, finding a larger role for production. Diamond (2016) takes this a step further, allowing for heterogeneity across workers in both preferences and productivity across locations. This paper deviates from previous literature by explicitly examining the relationship among skills, industries, and cities. The first contribution of this paper is to use data on individual workers to document some of the basic correlations found in the joint distributions of education levels, industries, and cities. Some notable patterns arise from this analysis.
First, high-skilled workers are overrepresented in large cities and are paid relatively higher wages than less-skilled workers. In addition, these correlations have strengthened over time.
Furthermore, industry-specific employment is systematically correlated with both city size and education levels. Finally, industries associated with higher skill levels have gained employment share, while low-skilled industries have declined.
Next, we develop a spatial equilibrium model to help disentangle the complex relationships found in the data and to quantify the underlying mechanisms driving location choices and labor markets. The model is built by starting with the framework of Rosen (1979) and Roback (1982) , who provided the insight that the wages and rents observed across cities can be used to measure the relative production and consumption value of a location. We then add a discrete choice framework to fully characterize the supply and demand of heterogeneous workers across locations. 3 Preferences for city amenities are allowed to vary across worker types. In addition, industry-specific production functions vary across locations.
Differences in the productivity of a location for each industry can arise through industryspecific total factor productivity (TFP) changes, as is standard in modeling agglomeration externalities, but differences can also come from skill-specific technological changes in labor productivity. This allows us to consider the separate roles of skill-specific versus industryspecific advantages of cities. Finally, the model is used to estimate structural parameters that capture the production function and preferences for heterogeneous industries and skill types. The model is estimated using a maximum likelihood estimator derived from the discrete choice structure.
The estimated parameters are then used to derrive the supply and demand of skilled workers in large cities. In addition, the estimates are used to decompose the role of separate industries on the sorting of skilled workers into large cities.
We find that the consumption amenities offered by large cities are valued more by highskilled workers than by low-skilled workers. Furthermore, this gap has widened over time.
In 1980, for a 1 percent change in total city employment, the supply of high school graduates increased only 0.94 percent, holding prices constant, compared with 1.02 percent for college graduates, for a difference of 0.07 percent. In 2010, this gap rose to 0.12 percent (0.95 for high school graduates and 1.07 for college graduates).
While the supply of skilled labor is important, demand for skilled workers through increased productivity is a bigger driver of the sorting of educated workers into large cities.
Like supply, the gap in demand for skilled workers in cities has increased over time. In 1980, the demand for high school workers increased 0.95 percent for every 1 percent gain in total city employment, holding prices constant, compared with a 1.07 percent gain in college graduates, for a difference of 0.13 percent. These elasticities changed to 0.88 percent for high school graduates and 1.11 percent for college graduates, for a difference of 0.23 percent in 2010.
To get a better sense of what drives the change in skill demand across cities, we decompose the demand into two components. We refer to the first as an industry-specific component of skilled-labor demand, which arises from changes in industry TFP in larger cities (i.e., industry-specific agglomeration effects), which may be correlated with the average skill level of industries. This component alone leads only to a 0.03 percent difference in relative demand elasticities for high school verses college graduates for a 1 percent increase in city employment. The second component, which we refer to as the skill-specific component, arises from changes in skill demand within industries across cities. Shifts in skill demand are dominant and account for a 0.20 percent difference in relative demand elasticities for high school and college graduates, for a 1 percent increase in total city employment.
Additionally, this gap has increased significantly over time. This result confirms that cities are becoming increasingly concentrated in high-skilled tasks rather than industries. In fact, within every industry, relative demand for high-skilled labor is somewhat higher in large cities.
However, a few industries account for a disproportionate share of skilled-labor demand in large cities. There is significant variation across industries in the response of TFP to city size. In addition, certain industries exhibit much more flexibility in adjusting the skill composition of their workforce across cities. For example, TFP in the education industry increases very little with city size, and the eduction industry exhibits a fairly uniform skill composition in all cities. The finance industry, on the other hand, exhibits large changes in productivity with increased city size and significantly increases its expenditure shares on high-skilled labor in large cities. In fact, the finance, insurance, and real estate sectors alone account for 38 percent of the city-size elasticity of skilled labor demand in 2010 and 30 percent of the net change in demand elasticity over time.
The rest of the paper is organized as follows. Section 2 introduces the data and establishes some empirical regularities regarding the joint distribution of skills, industries, and cities. Section 3 outlines a spatial equilibrium model of production and consumption with heterogeneous industries and worker types. Section 4 details the estimation strategy.
Section 5 presents the quantitative results. Finally, Section 6 concludes.
Data and Descriptive Statistics
In this section, we present some of the basic empirical regularities that characterize the distribution of workers and industries across cities, paying special attention to the role of city size. We also focus on the differences in spatial distribution of workers by skill, proxied by education, as is common in the literature. We use data from 1980 to 2010, to note some of the important changes that have occurred over this time period with respect to industry and worker composition.
The data for this section, as well as for the estimation and quantitative analysis presented subsequently, are drawn from IPUMS-USA. 4 The data are representative microdata drawn from the U.S. decennial census and the American Community Survey and offer information on education, income, location, industry, house prices and rents, and housing characteristics.
The geographic units we consider are U.S. metropolitan statistical areas (MSAs), which will be interchangeable with the term "city" for the remainder of this paper. We drop non-MSA locations from the data, and we also drop MSAs for which there is not complete data for all years. Overall, we study 219 MSAs for 1980 MSAs for , 1990 MSAs for , 2000 MSAs for , and 2010 with large sample sizes of 3, 072,708, 3,410,365, 3,971,986, and 919,599 for each year respectively. 5
One persistent fact in the data is that larger cities tend to contain a larger share of skilled workers. Figure 1 plots the share of college-educated workers versus the natural log of total employment across cities for 1980 and 2010. First note that educational attainment overall has increased, as evidenced by the upward shift. But more important, there is also a clear correlation between city size and skill levels, and this correlation has strengthened over the 30-year period.
The correlation between skills and city size suggests that cities hold some relative advantages for high-skilled workers, through either production or consumption. Figure 2 provides 4 The data are availble due to work by researchers at the University of Minnesota (Ruggles et al (2010) ) and are publicly available at https://usa.ipums.org/usa/index.shtml 5 Some additional processing was necessary to use the data. First, we only use high-level industry categories in order to make the analysis intuitive. The military sector was removed altogether, given that it does not apply particularly well to this analysis. We also only considered workers who were employed and removed some income outliers. evidence that production plays some role in the over representation of skilled workers in large cities. The figure plots the relationship between mean log wages and log total employment for workers with and without college degrees. Note that wages increase with city size for both groups, but the slope is somewhat steeper for college-educated workers.
The willingness of firms to incur higher labor costs suggests a productivity advantage, and that this productivity advantage benefits high-skilled workers more than others. However, the general equilibrium consequences of this productivity advantage are unclear without considering the role of amenities.
Additionally, the sorting of skilled labor and wage differences across cities may not be completely due to skill-biased productivity increases in cities but instead might arise from industry productivity advantages in cities for industries that employ varying shares of different labor types. In other words, the observed empirical patterns could be a result of industry-specific agglomeration externalities that act on total factor productivity rather than skill-specific productivity. industries are more heavily concentrated in cities than others, this could contribute to the sorting of skilled workers. Figure 3 shows the correlation with industry employment share and city size for the two industries mentioned above. Notice that finance, an industry that employs a relatively high share of skilled workers, is heavily concentrated in cities, whereas durable goods manufacturing is the converse.
Finally, if we want to understand the changes in the sorting and wages of workers with different skills over time, we cannot ignore that the composition of industries in the U.S. and other advanced economies has changed drastically over recent decades. Table 2 shows the change in industry employment share between 1980 and 2010. The most obvious 
The Model
While the statistics described in the previous section provide some insight into the economic fundamentals driving the sorting of skill levels across locations, more rigorous analysis is needed to untangle the relative magnitude of skill and industry components and to analyze general equilibrium effects. Therefore, this section develops a spatial equilibrium model of the labor market that considers the production technologies of heterogeneous industries over different skill types. The model also allows for both industry-specific and skill-specific productivity changes across locations. Finally, the model includes differences in preferences for city amenities across worker types, to better capture the supply of labor across cities.
The basic framework of the model builds on the research of Rosen (1979) and Roback (1982) , who proposed that the productivity and amenity value of locations can be inferred by observing local prices, given that people and firms are mobile. More specifically, higher input prices suggest that productivity is higher for firms. On the consumer side, higher local prices and lower wages suggest higher amenity value for a location. When land or housing markets are included, the framework can be used to model city population distributions as well.
However, more machinery is needed to understand the role of agent heterogeneity, both idiosyncratic and systematic, in equilibrium, particularly when it comes to understanding relative quantities of labor types across space. Therefore, the current model allows for firms that operate in distinct industries with technologies over different skilled labor inputs and different preferences across worker types. In addition, a discrete choice framework is embedded in the model to explain the idiosyncratic component of location decisions and to aid in empirical analysis. With this, the model delivers a more complete representation of the supply and demand of heterogeneous workers across cities.
Next, we consider an economy with I worker types, J industries, and K locations.
Workers and Labor Supply

Preferences
The population of N workers is divided into i ∈ {1, I} groups, corresponding to different worker types. Worker types are innate and the population of each type of worker is fixed at N i . N ik represents the population of each type in each location, such that
In addition, each worker supplies one unit of labor inelastically at a single location and receives a local market wage, w ik .
Workers have increasing preferences over consumption of J types of goods, denoted c j ; housing, l; and an aggregate location-specific amenity, B ik that varies by location and worker type. Each worker maximizes utility subject to location specific wages, rents, and goods prices. Preferences differ across worker types in the relative valuation of locationspecific amenities. In addition, individual workers have some idiosyncratic preference over locations, denoted by ε k,m , distributed i.i.d. The subscript m denotes an individual worker.
Assuming a Cobb-Douglas form, preferences of a given worker type in a given location are defined by
where B ik is the location specific amenity and θ is the housing share of consumption.
Labor Supply across Locations
For simplicity, we will assume that goods are costless transported, such that prices are fixed, constant across locations, and exogenously given, allowing for the following normalizations: j c ζ j j = c and p jk = p = 1.
The maximization problem for each worker type in each location can the be written as:
Indirect utility for each type in each location is then given by
Workers are perfectly mobile and will choose the location that provides the highest utility level. Using standard discrete choice theory, we can then write the probability that a worker of a given type chooses a given location conditional on amenities, wages, and rents using the following:
The total supply of a given worker type in a given location, N S ik , is then given by
. Also, assume that B ik depends on both observables and unobservables and varies across worker types. In particular, we explore the role of total city size, N K , on amenities across groups but also consider the effect of other observables denoted by the vector, X k , as well as an unobserved location amenity, B ik . Assuming a log form, location-specific amenities for a given worker type are the following:
The elasticity parameter γ N i thus represents the percentage change in the supply of each worker type for a 1 percent change in city population.
Firms and Labor Demand
Production
A large number of small competitive firms with fixed expenditures are characterized by the production of a good of type j ∈ {1, J}. The goods are produced using a constant returns production technology that is an increasing function of each labor type. Total industry-wide expenditures are fixed at E j . 6 E jk represents the expenditures by each industry in each location such that
The production technology varies across locations and industries, both in terms of total factor productivity, A jk , and the relative marginal productivity of different types of labor, β ijk . In addition, firms choose a single location and are subject to an idiosyncratic location-specific productivity component over different locations, denoted by ν jk,m , that is distributed i.i.d. and is known to the firm ex ante. The subscript m denotes an individual firm. In addition, we will assume that prices are exogenously determined and goods are shipped costlessly, so that prices may be normalized and subsumed by A jk . Assuming a Cobb-Douglas form, we can write the profit function for a given firm in a given location as the following:
Note that labor markets are competitive, such that wages for a given worker type must be the same across all industries in a given location in equilibrium.
Industry Location
The maximization problem for each firm in each location is given by,
Solving the maximization problem gives the indirect profit per unit expenditure as a function of wages:
where W jk is the unit cost given by
Again, using standard discrete choice theory, we can then write the probability that a firm of a given type chooses a given location conditional on location-specific productivity and wages, using the following:
The aggregate expenditures for a given industry in a given location are then given by
.
Labor Demand Across Locations
Given expenditure shares by industry, we can now derive the labor demand for different worker types in each location. First, note that the labor demand for a given worker type in a given industry, in a given location is given by
Aggregate labor demand for each worker type in a location is given by summing over all industries.
Given that this expression is a sum over the nonlinear expenditure functions, E jk ( A jk , W jk ),
for each location, further analytical simplification is difficult. The demand elasticity for different types of labor will depend on the relative wages as well as on the composition of industries. Nonetheless, for given model parameters, the demand functions are easily calculated.
Finally, as with amenities, we want to further decompose the relative production advantages of different locations. We will assume that both location-specific TFP and laborspecific technology are dependent, at least partially, on observables. For the TFP term A jk , we will assume the following form:
where N k is the city size, X k is a vector of other observables, and A k is some unobserved component of productivity. The elasticity parameter η N j thus represents the percentage change in industry expenditures in a location for a 1 percent change in city population.
For the labor-specific productivity, β ijk , we want to separate the industry links from skill-biased location advantages. To do this, we assume the labor-specific productivity, y ijk , is given by the following:
Here, β ij represents the industry-specific labor technology, α ijk represents the locationspecific labor technology, and φ i,m is an idiosyncratic labor-specific productivity shock distributed i.i.d. Then, taking the expectation and aggregating, the share of labor expenditures in a given location by a given industry is given by
We also will assume that α ijk is partially dependent on observables and is given by
where, again, N k is the city size, X k is a vector of other observables, and α ijk is unobserved.
In this case, the elasticity parameters χ N ij represent the percentage change in expenditure shares for each industry in a location for a 1 percent change in city population. These are interpreted in relative terms, and in the estimation will be the change relative to expenditures on workers without a high school degree.
The Housing Market
To close the model and to pin down the city size distribution, we need to define the housing market for each location. Housing demand for a given worker type in a given location is given by
Therefore, aggregate housing demand in a given location is given by
To model the housing supply, we assume that rents are collected by an absentee landlord who supplies housing in each location based on the following supply function:
Here, C k and δ k are scale and elasticity parameters, respectively, and can vary by location.
Equilibrium
Equilibrium is defined as a set of wages for each location and worker type {w ik }, a set of rents for each location {r k }, a distribution of worker types across locations {N ik }, and a distribution of land consumption across locations {L k }, such that:
1. In each location, workers maximize utility subject to their budget constraints (equation (1)).
2. In each location, firms maximize profits (equation (3)).
3. Workers choose the location that maximizes utility (in expectation, this is given by equation (2)).
4. Firms choose the location that maximizes profits (in expectation, this is given by equation (4)).
5. Labor markets clear for each worker type in each location, N S ik = N D ik .
6. Housing markets clear in each location, L S k = L D k .
Estimation
This section outlines the estimation strategy to recover all of the parameters of the model.
The estimation method follows standard discrete choice simulation and estimation methods to recover all of the amenity and production parameters. The parameters can all be estimated by maximizing the likelihood functions using standard computational techniques.
Note that the basic estimation strategy is to identify technology and preference parameters by observing how quantities of workers and expenditures change across space while conditioning on prices. This is the standard method for demand analysis; the difference here is that labor prices are different for different workers and firms, and this must be accounted for correctly in the logit function.
It is important to consider the following regarding the interpretation of all of the supply and demand parameters. In general, the estimates for different skill groups or industries should be interpreted relative to one another and not in absolute terms. In theory, the absolute levels of the estimates have a real world interpretation, but there may be an omitted variable bias in the sense that any variable correlated with amenities or productivity that is also correlated with city size will lead to a bias that overstates the importance of city size.
However, the relative estimates are unbiased if unobserved city characteristics are valued the same across skill groups. In effect, differencing across skill groups removes the bias if other effects of unobservables are independent of type.
Wages
Before estimating the supply and demand equations, we first need to measure prices. Wages are estimated by taking the mean of all log wages in a given location for a given worker type:
where d ik,m is a location/worker type dummy.
Rents
Rents are estimated for each MSA using a hedonic regression of house prices on housing characteristics following the method used by Chen and Rosenthal (2008) to control for differences in housing stock across cities. We run the following regression on log rents:
where r m is the observed rent of a housing unit, d k is a location dummy, and X m is a vector of observed housing characteristics. The estimate for rents in each location is then recovered using the sample averages for housing characteristics,X:
Skill-Specific Preferences
To estimate the preference parameters, we need to first estimate the housing share of consumption, θ. To do this, we will assume that this is constant across worker types and locations and simply calculate the average rent per unit wage, which is 0.26 in the year 2000 data. 7
Using maximum likelihood, we can estimate the vector γ i = [γ N i γ X i ]. The log-likelihood function is given by
where d ik,m is a dummy variable for worker type and location. We can aggregate to get the following estimator:
Industry-Specific Productivity
In a similar manner to the estimation of amenities, we estimate the industry-specific productivity parameter vector η j = [η N j η X j ]. The log-likelihood function is given by:
where d jk,m is a industry/location dummy. We can aggregate to get the following estimator:
Worker-Specific Productivity
Next, we estimate the worker-specific productivity parameter vector, χ ij = [χ N ij χ X ij ], and the industry/occupation share parameter, β ij , simultaneously. The log-likelihood function is given by
where d ijk,m is an education/industry/location dummy. We can aggregate to get the following estimator:
Quantitative Results
This section presents the results of the estimation as well as additional analysis in order to quantify and decompose the various sources driving the spatial distribution of worker types.
Key parameter estimates are contained in this section; however, given the large number of parameters, additional estimates are located in Appendix A. 8 In addition, standard errors are excluded from the main text, but are provided for key parameters in the appendix. The primary focus here will be to explain the relative value of large cities for both production and consumption across skill groups. However, some other interesting results are discussed as well.
Parameter Estimates
First, we will consider the relationship between city size and consumption amenities, and how that relationship has changed over time. Table 3 shows the parameter estimates for the amenity value of city size across different skill groups, γ N i , for each decade from 1980 to 2010. These parameter estimates should be interpreted as the percentage increase in a skill group population for a 1 percent increase in total population, holding prices constant.
Therefore, a value above 1 represents increasing relative labor supply with city size, and a value below 1 represents decreasing relative labor supply with city size.
In the cross section, for all years, there is generally a positive correlation with the relative amenity value of city size and skill level. The exception is for those workers without high school degrees, who also place high value on big city amenities. Over time, the value of urban amenities has increased among highly educated workers relative to workers with lower education levels. Again, the exception is among those workers without a high school education. What these estimates suggest is that urban amenities are at least partially responsible for the increased sorting of high-skilled individuals into large cities. Estimates represent relative preference parameters for city size (γ N i ) for different education levels. A value of 1 represents proportional growth for a skill group with respect to city size, holding prices constant. * College -H.S. is the difference in the parameter estimates between the college group and the high school group.
Next, we consider the relationship between productivity and city size across industries. Table 15 shows the estimates of η N j , which represent the percentage change in total labor expenditures for a 1 percent increase in total city employment for each industry from 1980 to 2010, holding labor costs fixed. These estimates clearly show that some industries derive much greater productivity value from large cities than others. The highest estimates come from finance, professional services, and legal services, which are notably all high-skilled industries. The lowest estimates are for agriculture, utilities, and durable goods, which are lower-skilled industries. However, this correlation does not hold for all industries. For example, health care and education, both high-skilled industries, display relatively low productivity returns to city size.
If we look across time, the estimates are very persistent across industries. In addition, there do not seem to be systematic changes within industries in the productivity returns to city size. Some of the estimates have increased and some have decreased, and there is no obvious correlation with either relative skills or industry size. Estimates represent relative productivity parameters (η N j ) for city size for different industries. A value of 1 represents proportional expenditure growth for an industry with respect to city size, holding prices constant. Table 16 shows the estimates of χ ij , which represent the skill-specific shifts in expenditures within each industry as total city employment increases. Note that the omitted category is "< high school," which is normalized to 0. Therefore, the parameter estimates represent the percentage change in expenditure shares on each labor type for a 1 percent change in population relative to workers without a high school degree. The last column shows the difference in skill demand elasticity between high school and college graduates.
The most striking feature of these results is that for every industry, expenditures are shifted to high-skilled labor in larger cities. This is consistent with previous research that has suggested that tasks and skills are important drivers of productivity in cities. Also note that not all industries adjust employment as readily. In particular, education and health care are two of the least responsive industries in adjusting skilled labor expenditure shares with city size. This suggests that there are two ways in which industry composition can affect skill composition, through differences in average skill share or through differences in how the skilled labor share changes across locations.
The estimates presented here are robust to using controls for innate city characteristics.
We have estimated specifications that include a number of city-level characteristics, including weather, regions, broader market access, universities, state capitals, and access to ports, but these have only small effects on the estimated elasticities with respect to city size.
Decomposing Demand
While we are able to encapsulate the response in labor supply into a single parameter for each worker type (Table 3 ) , an equivalent representation for labor demand by skill group is not as simple. The reason for the complexity is that labor demand across skill types is derived by aggregating across all industries and therefore depends on the composition of industries in the economy as a whole and in each city. This aggregation introduces nonlinearities in the response of skill demand to city size, thus making the marginal demand with respect to city size dependent on city size itself. The entire predicted demand curve can be calculated, but it is not very useful for comparison.
Nonetheless, we want to be able to compare the response of labor demand with the response of labor supply and to decompose the importance of skill-specific versus industry- The estimates represent industry/worker type-specific returns to city size (χij). χ1j is normalized to 0 for all j (i.e. the "< high school" category is omitted). The last column shows the difference between high school and college graduates.
specific demand. Therefore, the strategy taken here is to calculate the marginal response of labor demand to city size for a representative city. We choose the representative city to have a total employment of 1 million workers. This employment number corresponds approximately to the employment of the city in which the median U.S. worker lives i.e., half of the workers live in smaller cities and half live in larger cities. For reference, this is right around the employment of the Denver, Tampa, and Pittsburgh metropolitan areas.
To calculate the aggregate labor supply, we first set the wages equal to the average wages for each skill group in the entire economy. Then, the marginal elasticity of labor demand for each worker type with respect to city size can be calculated numerically using all of the estimated firm technology parameters. First, we present the results by allowing for all responses to changes in city size, including both the changes in industry expenditures with respect to city size through total factor productivity shifts and the changes in skillspecific demand within each industry. Then we shut down the effect of various parameters to decompose the source of skilled-labor demand. Finally, we analyze the changes in labor demand over time and also consider the role of aggregate industry composition changes. Table 6 shows the demand response of city size for each skill group in each decade, allowing for both industry-specific and skill-specific effects. Similar to the results for labor supply shown in Table 3 , the numbers represent the predicted percentage change in labor supply in each group for a 1 percent change in total city employment, holding prices constant. For all years, there is clearly a stronger relative response in the demand for high-skilled workers as city size increases. Furthermore, this response has strengthened over time, with the gap between college graduates and others increasing between 1980 and 2010.
For all years, the relative demand response is larger than the supply response, which would be expected given the increasing wage gap with city size. However, the magnitude of both supply and demand responses are economically significant. For example, compare the difference in demand between college graduates and high school graduates in 2010, 0.227, with the difference in supply, 0.121 (from Table 3 ). Also note that the change in the relative supply versus demand between 1980 and 2010 is of similar magnitude. Again, comparing college graduates with high school graduates, the change in the difference in supply across groups versus the difference in demand shows that both are of similar magnitude (0.0492 versus 0.1002 respectively); however, the demand elasticity due to increases in productivity dominates. The results represent predicted demand for different skill levels, accounting for both industry-specific and skill-specific components. A value of 1 represents proportional demand growth for a skill group with respect to city size, holding prices constant. * The normalized results control for exogenous industry composition changes over time. * * College -H.S. is the difference in the parameter estimates between the college group and the high school group.
Next, we want to decompose the contributions of technology in labor demand across cities into those related to industry-specific productivity versus those related to skill-specific productivity. The industry-specific component of relative skill demand comes from differential changes in total factor productivity with respect to city size across industries that have different skilled labor shares. More simply, the industry-specific component is that which arises through the parameters, η N j . If industries with higher average skill levels are systematically overrepresented in cities, then we would expect this to increase demand for high-skilled labor. This is implemented using average labor shares for each industry and assuming that they do not change with city size, effectively "turning off" the effect of χ ij and then recalculating the labor demand response.
Likewise, the skill-specific component of relative skill demand comes from changes within industries in labor shares in larger cities. In other words, the skill-specific component is that which arises through the parameters χ ij . This is calculated by fixing industry-specific total factor productivity and recalculating the demand response. Note that "skill-specific component" as it is used here is a bit of a misnomer, given that we allow the parameters χ ij to vary freely across industries meaning the skill-specific response can also vary across industries. Later, we will explore the relative contributions of industries.
Tables 7 and 8 show the results for the industry-specific and skill-specific components, respectively. The first thing to note is that in the cross section, differences in relative skilled labor demand are driven mostly by skill-specific productivity differences, but there is a small effect from industry-specific factors. In 2010, comparing high school and college graduates, the skill-specific component accounts for a difference of 0.1979 in the city-size elasticity of demand for college versus high school graduates, while the difference arising from the industry-specific component is only 0.0292. This suggests that the driving force behind the sorting of skill types across cities arises from skill-specific production advantages of large cities, although differences in industry-specific productivity does contribute positively to skilled demand due to changes in industry composition in large cities.
Likewise, when we consider the changes over time, skill-specific components dominate. to changes in industry composition. This is done by fixing industry expenditure shares at 1980 levels, but allowing changes in technology. Again, subtracting the changes for college versus high school demand, we actually find a larger difference for the total effect of 0.1191, suggesting that industry composition has actually worked against relative demand for high-skilled labor in cities over time. The results also suggest that changes in industry composition have increased industry-specific effects but have worked against skill-specific technology effects.
Although the relative increases in skilled-labor demand in large cities are driven primarily by skill-specific technology changes within industries, this does not suggest that in the The results represent predicted demand for different skill levels, accounting for only industry-specific returns (η N j ) and not the skill-specific component within industries. A value of 1 represents proportional demand growth for a skill group with respect to city size, holding prices constant. * The normalized results control for exogenous industry composition changes over time. * * College -H.S. is the difference in the parameter estimates between the college group and the high school group. cross section or over time these skill-specific demand changes are equal across industries. Table 9 shows the contributions of different industries to the demand for skilled labor in large cities. The row labeled "Aggregate Elasticity" shows the difference in the city-size elasticity of demand for college versus high school educated workers, for 1980 and 2010, and the change between the two years. 9 Below that are the contributions from each industry to the demand for skilled labor presented as a percentage of the aggregate elasticity. A negative value means that the industry contributes negatively to high-skilled demand as a city grows. 10 Table Description: This table decomposes the contribution of different industries to the elasticity of skilled labor demand with respect to population. "Aggregate elasticity" represents the difference in elasticity of demand for college versus high school educated workers. This is shown for the years 1980 and 2010, as well as for the change in the relative elasticity over time. Each industry's contribution is shown as a percentage of the total relative elasticity. 9 These are the same values found in table 6. 10 The industry contributions are calculated by taking the change in demand for each industry and dividing by the total change in skill demand. In order to better illustrate the differences among industries, Table 10 shows the main components that affect skilled labor demand in cities for 1980 and 2010. There are four main components that make up the industry contribution to skilled-labor demand in cities.
The first is the size of the industry in general, which we calculate as the share of the total economy, measured by total labor expenditures. The second component is the average expenditure share on skilled labor for each industry. This is calculated as the share of labor expenditures on workers with college or graduate degrees. The third component is the change in industry expenditures with respect to city size, given by the estimates of η j .
The final component is the change within industries in skilled-labor demand with respect to city size, which is calculated as the difference in change in demand for college versus high school graduates, or χ 4j − χ 2j . Finally, the last column of Table 10 represents how much the elasticity of demand for high-skilled labor with respect to city size has changed over time.
The first thing to note is that demand for skilled labor in cities has increased within every industry, as seen in the last column, which suggests that there has been an important technological change that is partially independent of industry characteristics. However, note that not all industries changed in the same way. Health care, for example, has a relatively stable skill mix across locations, and this has changed only slightly over the time period.
The finance industry, on the other hand, changed from having relatively low variation in skill mix across cities to relatively high variation in 2010.
This partially explains why finance is the largest contributor to the change in skill factor productivity returns to city size, and skilled labor share. Another big contributor to demand changes at 27.9 percent of the total was the business services sector. However, this was due mostly to the fact that the industry doubled in size and changed its overall skill share, as opposed to technology changes within the industry related to the productivity of large cities. Some industries actually contributed negatively to skill demand in cities, the largest being the construction industry. This was due to relatively meager gains in skill demand, both overall and in large cities, compared with other industries, along with a small decline in overall industry size.
Conclusion
This paper develops and estimates a model of location choice to account for heterogeneity in productivity and preferences across different worker types with regard to the amenities offered in large cities. By doing this, we are able to isolate the various components leading to the overrepresentation of high-skilled workers in large cities. We find that both supply and demand for high-skilled workers increase relative to low-skilled workers in cities. However, demand for high-skilled workers increases faster with city size relative to supply, leading to upward pressure on wages for high-skilled workers relative to low-skilled workers in large cities.
We also decompose demand for skilled workers for different industries. The share of employment in different industries changes systematically as cities grow. We find that changes in industry composition result in some increased demand for skilled workers in large cities but do not account for the change over time in this relative demand. Instead, withinindustry changes in skilled-labor shares drive increased demand for educated workers in cities. All industries shift some resources from low-skilled to high-skilled labor in large cities, and over time, high-skilled workers within all industries have become more concentrated in large cities.
Interestingly, however, not all industries exhibit the same flexibility in adjusting their workforce across cities. For example, health care and education, two industries that have grown significantly, maintain a relatively uniform workforce composition across cities, and this has not changed very much over time. On the other hand, the finance and professional service industries, which also have grown, have been able to increasingly concentrate their high-skilled workers into large cities. This suggests that while there was some technological change that affected all industries, certain industries have a greater ability to sort workers across space. This flexibility is not obviously related to average skill levels, tradability of the sector, or even industry growth. As the composition of industries continues to evolve, it becomes increasingly important to understand the relationship between cities, industries, and skills, given that there may be important implications, not only for efficiency, but also inequality. Estimates represent industry-specific production parameters (ln βij) over different worker types. lnβ1j is normalized to 1 for all j i.e., the < high school category is omitted. Estimates represent relative preference parameters for city size (γ N i ) for different education levels. A value of 1 represents proportional growth for a skill group with respect to city size, holding prices constant. Estimates represent relative productivity parameters (η N j ) for city size for different industries. A value of 1 represents proportional expenditure growth for an industry with respect to city size, holding prices constant. The estimates represent industry/worker type-specific returns to city size (χij). χ1j is normalized to 0 for all j (i.e. the "< high school" category is omitted).
A Additional Estimates
